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Abstract. This paper proposes a vision-based human-robot interaction system 
for mobile robot platform. A mobile robot first finds an interested person who 
wants to interact with it. Once it finds a subject, the robot stops in the front of 
him or her and finally interprets her or his upper body gestures. We represent 
each gesture as a sequence of body poses and the robot recognizes four upper 
body gestures: “Idle”, “I love you”, “Hello left”, and “Hello right”. A key pose-
based particle filter determines the pose sequence and key poses are sparsely 
collected from the pose space. Pictorial Structure-based upper body model 
represents key poses and these key poses are used to build an efficient proposal 
distribution for the particle filtering. Thus, the particles are drawn from key 
pose-based proposal distribution for the effective prediction of upper body pose. 
The Viterbi algorithm estimates the gesture probabilities with a hidden Markov 
model. The experimental results show the robustness of our upper body 
tracking and gesture recognition system.  

1   Introduction 

For a long time, gesture recognition has been a practical and useful research for 
human-robot interaction (HRI). Implementing the gesture recognition method, a robot 
system firstly has to segment the pose of user action and then infer a meaning of the 
sequential pose as a gesture. 

The pose recognition can perform in two ways. The first way is so called feature-
based method [1] and it obtains the visual features with about pose manifolds from an 
image sequence. Many interesting algorithms such as principle component analysis 
(PCA) and independent component analysis (ICA) have been applied for feature 
analysis, and nonlinear and strong pattern classifiers such as multi-layer perceptron 
(MLP) and support vector machine (SVM) have been used for pose recognition. 
However, feature-based method has limitations of generosity; it cannot be applied for 
arbitrary poses which did not participate in training procedure, and the poses of 
different people not adjusted to the body structure of a specific-sized person. 

By contrast, the second way is model-based method [2,3,4] and it adjusts to any 
pose of inter persons with a 2D parts-based body model which is made for a specific-
sized person but can accept the some variance of inter-person poses. This model 



 Upper Body Gesture Recognition for Human-Robot Interaction 295 

describes the body pose as a configuration vector. Estimating a correct configuration 
vector of the body model in an image determines the pose of an acting user but is 
nontrivial due to the high degree of freedom (DOF). Therefore, some of robust 
tracking methods are used; so called linear tracking method, the Kalman filter, as in 
[5,6], but results in inconsistent tracking for pose estimation. Nonlinear tracking 
method, the particle filter, as in [7,8] have been applied for this issue. Adopting 
particle filter can cover the problem of high DOF but the computational cost increases 
because it needs the great number of particles (hypotheses) to cover the high DOF. 

Most of tracking methods usually predict multiple hypotheses based on the 
assumption of Markov process which is the critical reason for creating many particles. 
To overcome the problem of high DOF with Markov chain model, key poses can be one 
of the efficient clues for prediction with smaller particles and we assume that the 
similarities between key poses and the input image can be a better proposal distribution, 
as in [9] where we usually draw particles in the prediction step of particle filtering.  

This paper proposes a new proposal distribution which is based on key poses and 
Makov chain model which is still used to recycle the good particles from the previous 
tracking step. By using both ways for the proposal distribution, we track upper body 
poses robustly and obtain the pose sequence as a result. In the pose sequence, each 
tracked pose is named with pose number determined from the number of the closest 
key pose. For gesture recognition we use HMM which represents the relationship 
between gesture states and pose events. We use four gestures already explained 
before, so this means four gesture states are defined in HMM, however, we cannot 
understand the gestures directly from body tracking. We need to transform the pose 
sequence into a gesture sequence using HMM and the Viterbi algorithm.  

This paper is organized as follows: Section 2 describes our mobile robot platform 
for HRI. Thus, it describes the HRI operation with two steps: user selection and 
gesture recognition stages. In the user selection stage, from the omnidirectional view 
of its omni-camera, the robot is eager to find a person who wants to interact with the 
robot. In the gesture recognition stage, robot interprets the upper body motion as a 
gesture. After that, we explain the gesture recognition algorithm. Section 3 describes 
the model of upper body pose. Section 4 presents the upper body tracking algorithm 
using particle filtering. We define our key pose-based proposal distribution method in 
this section. Section 5 briefly describes the gesture recognition process. Section 6 
shows the experimental results and section 7 concludes our work. 

2   HRI in Mobile Robot Platform 

In this work we use NRLAB02 mobile platform [10] which is developed by RedOne 
Initiative Inc. The aim of our work is to construct a prototype of an intelligent HRI 
system with visual interaction. Therefore the upper row of mobile robot is equipped 
with visual sensors and a computer. We installed two visual sensors: Microsoft’s 
Kinect camera [11](TOF camera) and an ordinary Omni-camera as shown in Fig. 1. 
The Kinect camera is used to get the silhouette image of nearby people. 

Our upper body tracking algorithm utilizes the silhouette image. The other camera, 
omni-camera implemented with a hyperbolic mirror made by Eizoh Inc., captures the 
panoramic images with the FOV of 360 degrees. The robot selects the interested 
person from the panoramic images. 
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Fig. 4. The parameters of child part x4 which is connected to parent part x3 

4   Upper Body Tracking 

4.1   Particle Filtering 

The assumption of most tracking methods is that the current information must be 
similar to and dependent on the previous information at each time step. Particle filter 
estimates a proper posterior distribution by updating the posterior distribution at 
previous tracking time step. The proposal distribution predicts the current posterior 
distribution from previous posterior distribution with discrete and weighted particles. 
In Eq. (1), the posterior distribution p(xt-1|yt-1) at previous time step represents itself 
with discrete and weighted particles, where x(i)

t-1 is ith particle, w(i) is the weight of ith 
particle, and N is the total number of particles. 

( ) ( )
1 1 1 1 1( | ) {( , )}i i N

t t t t ip x y x w− − − − =≈  (1)

As in [8], particle filter has two steps: prediction and update. In the prediction step, 
the previous posterior distribution is marginalized to eliminate xt-1 and to be updated 
to xt based on transition model p(xt|xt-1), Markov chain model. 

( ) ( ) ( )∫ −−−−− = 11:1111 ||| ttttttt dxyxpxxpyxp  (2)

In the update step, the posterior distribution is reformulated to adjust to the current 
observation yt. Based on Baye’s rule, posterior distribution p(xt|yt) is represented with 
the likelihood p(yt|xt) and prior distribution p(xt|yt-1). 
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In addition to the prediction step, the particles for xt prediction are drawn from the 
proposal distribution q(xt|xt-1,yt) and in the update step the weights of particles are 
determined by below: 
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In the process of weighting particles, likelihoods of particles are measured. Our 
likelihood p(yt|x

(i)
t) is a joint likelihood with edge and silhouette likelihoods.  

( ) ( ) ( )( | ) ( | ) ( | )i i i
t t S t E tp y x p I x p I x=  (5)

p(IS| x(i)
t)= exp(-||IS-ISM||) is the likelihood of silhouette matching and p(IE| x(i)

t) 
=exp(-d(IE, x(i)

t))  is the likelihood of chamfer matching as in Fig. 5. 

 

 
(a) 

 
 

 
(b) 

Fig. 5. The joint likelihood of (a) silhouette likelihood and (b) edge likelihood 

4.2   Key Pose-Based Proposal Distribution 

As mentioned in introduction section, the formal proposal distribution with first order 
Markov chain, q(x(i)

t|xt-1)=p(x(i)
t|xt-1), could not cover abrupt motion. The occurrence 

of abrupt motion is mainly up to the time leaping of the slow system. The increased 
particles for covering high DOF are the reason of low speed. Therefore, key poses are 
useful for prediction of abrupt motion and reducing the number of particles. 

We define a key pose library (KPL) which consists of 13 key poses. Fig. 6 shows 
all the key poses as PS models and silhouette images. Each key pose is represented as  
ki=(Ii, PSi, fi); Ii is the pose image of key pose, PSi is PS model, and fi is visual feature 
of key pose, as in [9]. Visual features are used for measuring key pose similarity.  
Based on the KPL, the key pose-based proposal distribution is defined as 

1 1( | , , ) ( | ) (1 ) ( | , )t t t t t t tq x x y KPL p x x p x y KPLα α− −= + − . (6)
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This proposal distribution is a combined version of Markov chain-based proposal 
distribution and KPL-based prediction model which is defined as  

13

1

1
( | , ) ( | ) ( | )

13t t t k t k
k

p x y KPL p x PS p y PS
=

= ∑ . 
(7) 

KPL-based prediction model predicts the particles to be similar to some of key 
poses in KPL. The latest observation yt is referred in KPL-based prediction model to 
measure how much key poses are similar to the current observation using p(yt|PSk). 
p(xt|PSk) is the probability for similarity to key pose k of the predicted state xt. 

 

 

Fig. 6. Key Pose Library with 13 key poses (PS and Silhouette) 

 

 

Fig. 7. Conceptual difference between our proposal distribution and Markov chain model 
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Fig. 10. Tracking results from several people 

7   Conclusion 

We have argued that key poses can be useful to improve the upper body tracking. As 
shown in Fig. 9, our system outperformed with only 100 particles using key poses. In 
prediction of particles and in recovering errors, key pose-based proposal distribution 
has been a great role in our system.  

In the future, we will investigate how the key poses are mathematically working in 
particle filtering framework. Additionally we will try to build a regressive model of 
KPL to cover whole pose spaces not only 13 key poses. Finally we will test our 
system in the developing mobile robot platform.  
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